Introduction
Students of corporation finance are taught that management, primarily chief executive officers and chief financial officers, seek to maximize stockholder wealth. Brealey et al. [1] stated that the goal of corporate finance is to implement corporate decisions to enhance stockholder wealth by maximizing the stock price. In the world of business, real assets must be acquired for the growth of corporations and must be financed. Real assets generate cash flows that are used to pay dividends and to finance these real assets. The financial manager makes decisions regarding the magnitude of common stock issuance and stock repurchases, long-term debt issuance, and debt repurchases. Empirical evidence shows that the dividend payment decision and stock and debt repurchase decisions can increase stockholder wealth. We calculate a variable, referred to as corporate exports, composed of dividend payments, common stock issuance and stock re-purchases, long-term debt issuance, and debt re-purchases. We show that companies generating larger corporate exports increase in price relative to firms that generate lower corporate exports. Gerstner [2] stated that managers need the relevant information, make decisions based on the critical information, and communicate the information throughout the organization to enhance performance. Corporate exports are composed of variables that help maximize stockholder wealth. Gerstner reminded us that the marketplace, through demand and supply determining the company stock price, is the driving force behind all corporate activities, and corporate measures of success are ultimately customer satisfaction and shareholder value.
We show that corporate decisions with respect to dividend, stock, and debt directly affect stock prices and stockholder returns. We examine dividend payments, common stock issuance and stock re-purchases, long-term debt issuance and debt re-purchases for all publically traded United States firms for the 1971 to 2011 period. As mentioned, we create a Bcorporate exports[ variable that incorporates the dividend, stock and debt issuance and buy-backs decisions. Schwartz and Aronson [3] stated that a balanced economic growth model equates the income from capital and the total of aggregate savings with real investment. If the cash flow generated by operating assets exceeds the possible net real investment, then the overall corporate sector will have more funds than it can desirably re-invest in business. The corporate sector will have funds to distribute to the rest of the economy. Schwartz We integrate managerial finance and investment analysis to show how corporate exportsVincorporating dividend policy, debt and equity issuance and repurchase decisions, and leverageVcan be used to maximize portfolio returns. We illustrate Markowitz [5, 6] portfolio optimization using the corporate exports as an expected returns variable. The corporate exports variable is statistically significant in producing positive active returns for portfolios. If one produces portfolios using the corporate exports expected returns variable and further constrains portfolios to only include stocks that are identified as attractive using a stock selection model [7, 8] , then portfolio active returns increase substantially. Finally, we apply the Markowitz-Xu [9] data mining corrections test to assess the whether these returns could have been produced randomly.
Corporate financial decisions
We specifically examine dividend, debt and equity issuance and buy-back strategies, and the implied leverage decisions of firms. Miller and Modigliani [10] demonstrated that dividend policy was irrelevant to the value of the firm. In the presence of taxes, Fama and Babiack [11] reported that dividends are highly correlated with earnings. As earnings rise, there is usually some lag before former payout levels are resumed. A forecast of dividend levels can be obtained by studying past payout rates and attempting to predict future earnings levels. The amount left after common dividends are paid represents retained earnings or earnings reinvested in the firm. Buy backs are more difficult to predict than dividends. Before the prevalence of buy backs, Dividend Discount Models were more valid for companies that had a Bnormal,[ or consistent, dividend payout policy.
Equity repurchases increased substantially during the 1971 to 2012 time period, particularly since the post-crash period beginning in 1987. Grullon and Michaely [12] state that one explanation for the sudden growth in share repurchases is the Security Exchange Commission (SEC) adoption of Rule 10b-18 in 1982, which protected firms from prosecution on the basis that share repurchases manipulated their stock prices. Share repurchases increase with economic Bboom[ conditions and diminishes in recessions. Excess returns have been associated with share repurchases [12] .
A tender offer is a general offer to stockholders to buy their stock. Equity repurchases, whether privately negotiated or via a tender offer, generally specify the number of shares the firm seeks to repurchase, the tender price at which it will repurchase shares, and the expiration date of the tender offer, which the firm may extend. Dann [13] examined 143 cash tender offers to repurchase equity during the 1962 to 1976 period, made by 122 different firms, and reported a 22.5% tender offer premium, relative to the previous day of the announcement (20.9% relative to the one month period before the announcement). Large excess returns are associated with share buybacks. Firms repurchase equity to enhance stockholder wealth. There were marginal debt effects, and approximately 95% of the enhanced value was accrued to stockholders. Lakonishok and Vermaelen [14] found excess returns to repurchases continued to 1986, but at a (slightly) diminished rate. Lakonishok and Vermaelen reported premiums of 21.8%, 24.1%, and 18.5% on tender offers during the 1962 to 1986, 1962 to 1979, and 1980 to 1986 periods, respectively. They also reported cumulative abnormal returns, or cumulative excess returns, relative to the market, of 12.5%, 14.6%, and 9.8% to non-tendering stockholders during the corresponding periods. Smaller firms produced the highest abnormal returns. The level of current and projected earnings has an impact on dividend policy and potential buy backs (Bierman [15, 16] ). Firms adopt a target debt ratio by choosing between debt and equity repurchases as well as choosing between debt and equity issuances [17] . Repurchases and dividends are motivated by contracting investment opportunities [18] .
Dhrymes and Kurz [19] proposed an explicit link among these dividend, investment, and debt issuance decisions and econometrically estimated a simultaneous equations system using a sample of 181 industrial and commercial firms during the period 1947 to 1960. Dhrymes and Kurz reported that debt was issued to finance capital expenditures and dividend payments. Investment and dividends were positively associated with new debt issuance. Guerard, Bean, and Andrews [20] updated the Dhrymes and Kurz analysis and reported: (1) a strong interdependence is evident between the investment and dividend decisions; and (2) a strong interdependence is evident between the investment and new debt financing decisions. Retained earnings add to the equity of the common shareholders. Retained earnings, the net income of firms not paid to stockholders in the form of dividends, represents the majority of funds that can be used to finance real assets [1, 4] . An increase in assets financed by ownership capital as opposed to debt improves the credit standing of the firm and enables it to issue debt at a relatively lower rate. Debt and internally generated funds are the primary sources of aggregate investment outlays [19] .
New debt issues exceed new equity issues by a multiple exceeding eight times, a result consistent with Dhrymes and Kurz [19] , Guerard et al. [20] , and Myers [21] . New debt issued is identified with the financing capital expenditures in the simultaneous equation modeling. Funds represented in earnings should increase the future profits of the shareholders and eventually result in buy backs or higher dividends. It is not the increment in the book value of the shares, but a hoped-for sequence of increased earnings that makes retained earnings of value to the shareholder.
Defining and calculating corporate exports
In this paper, we calculate the net export of funds variable (CE), defined in Guerard and Schwartz [2] and Guerard [22] , as:
In 1971, the corporate sector exported over $46 billion of funds, and by 2011, the corporate sector funds exported grew to over $248 billion. The surplus of funds over any possible reasonable capital investment policy is the rationale behind the cash buy back of shares and the payment of dividends. In short, the corporate sector has continued to be a net exporter of funds to the rest of the economy, and has risen almost consistently throughout the 1971 to 2011 period, except when net equity re-purchases fell and new debt issues rose in the mid to late-1990s and during the financial crisis of 2007 and its aftermath. The CE variable can be criticized for ignoring cash on the balance sheet. Cash is another source of funds and may be directly distributed to stockholders as additional dividends. We find corporate exports without cash has better stock return predictive power than corporate exports including cash, although both corporate export variables are highly statistically significant. We address the predictive power of the corporate exports variable in the next section.
In Table 1 , we show annual statistics of the components of CE as reported in the Compustat database. A second way to examine the corporate sector net export of funds is to examine the dividends paid less equity repurchased, which also is shown in Guerard [22] reported the ten largest and smallest corporate exporter firms in 1983 to illustrate the corporate fund generating process. The largest corporate exports firms included AT&T, IBM, and several large oil companies. These firms dominated positive corporate exports in 1983 because they paid large dividends and interest and generally re-purchased more debt than was issued (which made a great deal of sense given the level of interest rates in 1983). A similar process occurred in 2006 as Microsoft, Pfizer, and the oil companies dominated the largest corporate exporting firm (IBM fell to only the twenty-fourth largest exporter in 2006). IBM is a very interesting individual case, as it is generally a large net corporate exporter of funds, except in 1993, its near-bankruptcy year. IBM pays large dividends, repurchases huge amounts of equity, is a net issuer of debt, and issues no new equity after 1995. Indeed, IBM's repurchase of equity far exceeded its dividends paid during the 1995 to 2006 time period (see Figure 2 ). IBM's dividends exceeded its net new equity issues and net new capital issues in all years except 1993.
A stock selection model
There are many approaches to security valuation and the creation of expected returns. Fundamental dataVsuch as earnings, book value, cash flows, and salesVhave been statistically associated with stock excess returns for decades [23] [24] [25] [26] [27] [28] . Chan, Hamao, and Lakonishok [25] and Lakonishok, Shleifer, and Vishny [27] are widely cited references on contrarian, or fundamentally based, investment strategies. We use a stock selection model that has evolved over the past two decades. Bloch et al. [26] used an eight-factor model to identify under-valued stocks. The eight factors are composed of current ratios of earnings, book value, cash flow, sales, and the relative variables. The relative variables are the current ratios divided by their 60-month averages. Guerard, Xu, and Gultekin [7] and Guerard, Markowitz, and Xu [8] [29] and David Dremen [30] ). We estimate a ten-factor stock selection model to use as an input to an optimization analysis. We use the (one month) total stock return, TR, as the independent variable. The monthly stock return is composed of the stock dividend yield plus the stock price appreciation. The stock selection model estimated in this study, denoted as United States Expected Returns (USER) in Guerard, Xu, and Gultekin [7] , is The USER model is estimated monthly, and t is time. The cross sectional regression employ a weighted latent root regression technique to address the problems of outlier and multicollinearity issues in Equation (2) . We use the normalized coefficients of the positive and statistically significant variables (10% level) as weights; and we average the variable weights over the past twelve months. Guerard, Xu, and Gultekin [7] and Guerard, Markowitz, and Xu [8] calculated information coefficients, IC, which measures the correlation between the investment strategy and subsequent performance. Higher USER values are preferred, and the IC should be positive. The IC test is referred to as a Level I test. The stock selection model, USER, the earnings efficiency model, CTEF, and the corporate exports model, CE, have positive and statistically significant ICs. The PM, CTEF and USER variable ICs are 0.035, 0.039, and 0.048, respectively, for January 2000 to January 2013 period. The CE variable has an IC of 0.045. The CE variable including cash has an IC of 0.036. An analysis of U.S. stock ICs is presented in Guerard [23] . That is, firms that are identified as being undervalued by the stock selection model, firms having higher earnings forecasting efficiency, and firms that generate higher corporate exports appreciate more than overvalued firms or firms with lesser earnings forecasted growth and firms generating lower corporate exports. Now, the question is how to combine the stock selection model and corporate exports to generate more efficient portfolios.
Constructing mean-variance efficient portfolios
Portfolio construction and management, as formulated in Markowitz [5, 6] , seeks to identify the efficient frontier, the point at which the portfolio return is maximized for a given level of risk, or equivalently, portfolio risk is minimized for a given level of portfolio return. The portfolio expected return, denoted as EðR P Þ, is calculated by taking the sum of the security weights multiplied by their respective expected returns.
where N is the number of candidate securities, and w i is the weight for security i. A fully invested portfolio requires that P N i¼1 w i ¼ 1. EðR i Þ is the expected return for security i. The portfolio standard deviation P is the square root of portfolio variance, 2 P , which is the sum of the weighted securities covariance:
where ij is the covariance of returns for security i and security j. The Markowitz model holds that investors are compensated for bearing the total risk of the portfolio. Implicit in the development of the Capital Asset Pricing Model by Sharpe [31] , Lintner [32] , and Mossin [33] is that investors are compensated for bearing systematic or market risk, not total risk. Systematic risk is measured by a stock's 6: 6 J. B. GUERARD ET AL. beta. Beta is the slope of the market model in which the stock return is regressed as a function of the market return. Sharpe [34] proposed what he refers to as the diagonal model to simplify the computations in constructing portfolios.
Multi-Factor Risk Models hold that the total excess return for a multiple-factor model in the Rosenberg methodology for security j may be written as follows:
The nonfactor, or asset-specific return e e j on security j, is the residual risk of the security after removing the estimated impacts of the K factors. The term e f k is the rate of return on factor k, and jk is factor beta of security j on factor k. An extensive review of factor risk models can be found in Connor and Korajczyk [35] and Connor, Goldberg, and Korajczyk [36] . Guerard [37] demonstrated the effectiveness of the Blin and Bender APT and Sungard APT systems in portfolio construction and management. The determination of security weights, the ws, in a portfolio are the primary calculation of the Markowitz portfolio management approach. The security weight is the proportion of the portfolio value that is invested in the individual security j. The portfolio weight of security j, is calculated as
where MV j is the market value of security j, and MV P is the market value total portfolio. The active weight of the security j, w ðaÞj , is calculated by subtracting the security weight in the (index) benchmark b, w ðbÞj , from the security weight in the portfolio:
Blin and Bender created their company, named Advanced Portfolio Technologies, and its Analytics Guide [38] . Portfolio volatility can be decomposed into independent variance components, systematic and specific risk. There are many forms of portfolio optimization and construction techniques. One could test whether the Markowitz [5] mean-variance (MV) optimization technique using the portfolio variance as the relevant risk measure dominates the risk-return trade-off curve using a variation of the mean-variance optimization model that emphasizes systematic (or market) risk, the mean-variance Tracking Error at Risk (MVTar) optimization, and mean-expected tail loss portfolio optimization (see Guerard, Rachev, and Shao [39] ). There is no statistically significant difference in the two forms of Mean-Variance analysis. A measure of the trade-off between the portfolio expected return and risk (as measured by the portfolio standard deviation) is typically denoted by the Greek letter lambda ðÞ. Generally, the higher the lambda, the higher is the ratio of portfolio expected return to portfolio standard deviation. We assume that the portfolio manager seeks to maximize the portfolio geometric mean (GM) and Sharpe ratio as put forth in Latane [40] and Markowitz [5, 6] .
Portfolio construction and management of corporate exports
We build Mean-Variance efficient portfolios using all publically traded United States stocks during the January 2000 to January 2013 period. We seek to outperform the Russell 3000 Growth benchmark. We use the Sungard APT World Risk Model composed of 20 betas estimated by principal components analysis with three years of weekly data [38] . Portfolios are created to maximize the portfolio corporate exports variable while minimizing risk with the following constraints: (1) the portfolios are fully invested; that is, security weights sum to one; (2) a 4% maximum weight can be held in any stock; (3) 8% monthly sells (turnover) is maintained; and (4) we use monthly optimization and create an efficient frontier by varying lambda. We use the same portfolio simulation conditions and the APT World 20-factor risk model, as was presented in Guerard, Rachev, and Shao [39] . The portfolio attribution analysis of the corporate exports variable for a lambda value of 500 is shown in Table 2 . Portfolio active annual return is 9.60%, its Information Ratio is 0.71, and the active return is statistically significant, having a corresponding t value of 2.54. There are no statistically significant style or industry exposures. The corporate exports variable is statistically significant at identifying under-valued stocks. The variable used as an expected returns variable is often referred to as a portfolio tilt variable [23] . The corporate exports variable can be simulated with an additional constraint that the portfolio USER score must exceed 80 and be less than 90. The introduction of a stock selection model enhances returns such that the portfolio Geometric Mean rises from 9.5%, annually in Table 2 , to 18.5%, in Table 3 . Portfolio active annual return is 18.51%, its Information Ratio is 1.56, and the active return is statistically significant, having a corresponding t value of 5.61. The active return is driven by specific risk, 12.2% annual return with a corresponding t value of 6.33, as it should be in a well-diversified portfolio (see Table 3 ). There are no statistically significant style and industry exposures. Their returns, even though statistically significant, account for slightly more than 2% annual return, whereas specific stock selection is over 12%. The Markowitz approach to portfolio construction and management is sixty years old and remains an integral tool of investment research.
A further test of data mining corrections
In the practical world of Wall Street, it is conventional wisdom to cut your historical back-tested excess returns in half; that is, if your back-tested excess return (the portfolio geometric mean return less the geometric mean of the benchmark) was 6%, or 600 basis points, an investment manager and/or a client might expect 3% excess returns in the future. Harry Markowitz and Ganlin Xu, the Daiwa Global Research Department mathematician, developed a data mining corrections (DMC) testing methodology that appeared in the Journal of Portfolio Management [9] . A secondary question is: could a manager have obtained a similar portfolio return using other models, rather than the model actually employed? Let y it be the logarithm of one plus the return for the ith portfolio selection model in period t. In DMC Models I and II, y it is assumed to have form
where i is the model effect, z t is the period effect, and " it is the random deviation. These effects are all assumed to be uncorrelated. Readers are referred back to the original paper for the correlated " it case. Finally, the appropriate estimate of i is not its sample average return
but rather
where r ¼ P N i¼1 r i =N is the grand mean of methods, and ¼ ðCovðr i ; uÞÞ=ðVarðr i ÞÞ is the regression coefficient of i as a function of r i such that 0 G G 1. In other word, the best estimate of model effect i is its sample estimate regressed back to the average estimate (the grand average). The individual variables tested in this study are as follows: As a reminder, PM71 is the price momentum created by the price rising over the past 7 months, ignoring the previous month (prices mean-revert over a 1-month period). PM is the price momentum created by the price rising over the past 12 months, ignoring the previous month.
The Markowitz-Xu DMC test did not use a Bholdout period,[ as holdout tests can be routinely data mined as well. That is, one can vary the estimation and holdout periods to generate the desired conclusion. Alternative portfolio models were created using the factors as tilt factors, such that the real question addressed is whether the model used was statistically better than the average model used to identify mispriced stocks. We use the June 2001 to January 2013 period for the Data Mining Corrections test. We test 17 models including the components of USER and the components of CTEF. The USER variable analysis passes the Data Mining Corrections test criteria for the U.S. market, indicating that the stock selection and portfolio construction methodologies produce superior returns that are not due to chance. The USER variable has a Data Mining Corrections coefficient of 0.57 and is highly statistically significant, having an F value of 2.3. Thus, one could expect 57% of the excess returns of the USER model relative to the average return to be continued. More importantly, the USER model produced a higher geometric mean than did an average model geometric mean which could have been used to manage an equity portfolio in the United States equity market during the June 2001 to December 2012 period. The USER Model passes all three Levels of hypothesis testing: 1) the model and its components have statistically significant information coefficients; 2) the strategy produces excess returns after transactions costs; and 3) the strategy produces a significantly higher geometric mean than the average model that could have been used to manage assets in the universe. The Markowitz-Xu [9] Data Mining Corrections test is a Level III test.
The Morgan Stanley Capital International (MSCI) Barra model is a multi-factor risk model developed by Rosenberg and Marathe [41] in the 1970s. We can create portfolio simulations back to 1980 using the USER model and its components. The longer-run portfolio simulations are shown in Table 4 . The 1980 to 2009 Barra-simulated portfolios allow the null hypothesis to be rejected with more than 90% confidence. The F statistic equals 1.5, and the Data Mining Corrections test is estimated to be 0.33. The USER model produces a significantly higher geometric mean than the average model that could have been used to manage assets in the WRDS U.S. stock universe during the 1980 to 2009 time period.
Conclusion
The corporate exports variable is the sum of dividends paid, interest paid, and net equity repurchased less net debt issued. Corporate exports result from dividend, debt, and equity decisions. Companies generating larger corporate exports produce higher active returns in portfolios. The corporate exports variable is statistically significant in producing positive active returns in the portfolios. The returns of the corporate exports portfolio can be increased by constraining the portfolio to include stocks identified by a stock selection model as being undervalued. In this paper, we simulated portfolios during the January 2000 to January 2013 period using a multi-factor risk model. We apply the Markowitz-Xu data mining corrections and find no evidence of data mining. The portfolios developed in this paper are statistically different than the average model that could have been used to create portfolios. 
